Abstract-In this paper we study the factors that affect people's decision in participating in leisure activities in the social and cultural environment. To this end, we collected the ratings of local people from three different cities around the world on standard leisure activities, and looked at the personal, social and contextual features shaping their preferences. We then used this dataset to evaluate how these features can be exploited to recommend places people would actually like. Our initial results suggest that friends are a good source for recommending places, with higher precision and recall than considering only popular places; but these can be improved reducing the scope to similar friends in the context of the particular activity. We have also found that people preferences are sensitive to the companion (e.g., partner, friends, tourists) for which they look for different features. The results also suggest that similarities in the preferences of people can be extended to other activities, which points to the potential of profiling users based on lifestyle. We finally present the design and prototype of a system, namely ComeAlong, which aims at helping people discover, find and participate to social and leisure activities.
I. INTRODUCTION
In recent years, we have seen a growing number of competing options trying to get a slice of our leisure time. Having options in principle is positive, but when the number start affecting our ability to choose what activity to perform and where, then we end up with the feeling that we are missing out more interesting options. A complementary problem can be seen from the perspective of someone organising an activity: there are so many options that it becomes difficult to reach those who might be interested.
The problem of finding interesting activities to perform in leisure time is well known and there are several online services such as TripAdvisor 1 , Foursquare 2 , Yelp 3 and Evenbrite 4 providing different types of suggestions for events or places. While these services do focus people's attention to a reduced number of events, in most cases people still have the feeling of missing out interesting activities [1] . This calls for a better understanding of the dynamics around people's decisions to participate of activities.
In this paper we study how people decide what activity to perform during leisure time, and in particular in which places they can perform the chosen activity, focusing our attention to typical activities that are performed on a standard evening in three different cities in the world: drinking aperitivo in a bar and having dinner at a restaurant in Trento, Italy; having dinner at a restaurant and drinking some beer in a pub in Asunción, Paraguay; having dinner at a restaurant and dancing in a club in Tomsk, Russia. We discovered that places for performing these activities are chosen differently according to the kind of companions people are spending their leisure time with, and in which situations price / quality ratio is important.
Recommendations are analysed too, first searching which user-base makes collaborative filtering more effective, then finding that recommendations can be computed also across different activities: knowing user's tastes about restaurants, we can recommend which places she can like for the other activity considered in her city. This last discovery leads to the possibility of profiling users based on their lifestyle, allowing us to extend the recommendation service to all different kinds of leisure activities maintaining the high quality.
As important as helping people find interesting activities, we also focus on the complementary problem of how activity organisers could motivate people to participate of social activities. We move our focus to an environment where the impact of our ideas can be computed more easily: museum exhibitions and events. This context is particularly interesting because museums, being public services, have less possibility to increase their visibility with expensive advertisement and can receive high benefits from a better usage of free advertisement through the Internet. Our study on the museum environment shows that word of mouth is an important trigger for the decision to go to the museum, but it can be improved by increasing its diffusion through social networks.
All the findings coming from the studies presented in this paper are considered in the design of the ComeAlong platform, which i) supports the discovery of events and activities, and ii) motivates people to participate exploiting the power of online word of mouth.
The main contributions of this paper can be summarised as:
• a large scale study on three different cities around the world, gathering a total of 9820 ratings from 162 local people.
• an analysis of factors affecting people's decision and preferences in participating in leisure activities, considering the social context, preferences across activities and the effect of individual's goals in engaging in an activity.
• a preliminary analysis in the context of cultural activities aiming at identifying how museums can attract more people to their events, resulting in the design of a supporting tool namely ComeAlong for museums. In the following we detail on the related work, studies and design of the ComeAlong tool.
II. RELATED WORK
The works related to the topic of this paper comes from two main areas: services that support the discovery of leisure events and activities, and recommendations. The first part is about gathering the information about events and show it to users, making them aware of all their possibilities. Then, recommendations help users to find what is interesting for them out of the large amount of information.
A. Search and discovery
The Internet is a perfect place where people can discover and advertise events and activities. When you want to search which events are available in your city, you can check them on Zvents 5 , Yelp 6 , Upcoming by Yahoo 7 or Eventbrite 8 , just to name some of the most famous services. They collect information about popular events and provide users support for searching what they are interested in mainly through filters by dates, location, category or price range. These websites are good because they collect in one place a big amount of information about social events, but their lists usually are not complete and their accuracy depends on the location where the user lives.
An important characteristic that these services do not take into consideration is the social aspect of events. When people decide whether to attend or not an event, they take in consideration also who of their friends is going to attend it and sometimes this information make them participate even if it is farther than the distance they usually cover for attending events [2] . Social websites are a good place where the social information can be linked to events, like in Facebook events 9 and Google+ events 10 . There are also other services that recommend places where people can spend their leisure time. TripAdvisor and other recommendation systems based on users' feedback have a widely recognized importance in people's choice of which hotel to book or in which restaurant to go for dinner ([3] , [4] ). The ratings present in such websites are considered even of better quality than the ones given by experts, since experts can give biased opinions for personal profit. The problem of false reviews given by the owners of the represented businesses do not make the system unreliable thanks to the big number of honest reviews that make them inefficient [5] . Users' satisfaction of TripAdvisor recommendations has not been studied yet.
Location-based applications are also used by many people to decide where to go when they have free time. It allows them to know where their friends are in a specific moment and meet new people that are in the same place. Foursquare is one of the most famous and is based on manual check-ins to associate users' position to a specific venue. Location is shared for different reasons that go from life-logging, to communication and coordination with companions, to collection of rewards [6] . Self-representation, instead, is one of the mayor reasons why people do not check-in: if people go to a fast food while all their friends consider important to eat well, they do not check in because they do not want their friends to know that they eat bad-quality food [7] . Foursquare is widely used for discovering new places and have serendipitous faceto-face meetings with friends, but it does not support events or planning of meetings with friends.
There are studies about the behaviour of people through their location sharing on social networks and designed some models to predict their future checkins ( [8] , [9] , [10] ). Chang and Sun [9] found that people's location is clearly influenced by their friends' ones: knowing the position of friends and the previous checkins, they can predict the next checkins with 90% of precision. This is an important hint on how to understand people's tastes if we know their previous locations, while in this paper we are going to study how to suggest interesting activities and places people don't know yet.
B. Recommendations
Recommendations have been deeply studied in the last years. Collaborative filtering was quite famous, but in 2001 it was already clear that it was not enough [11] . Collaborative filtering builds recommendations using other users' opinions of the items: it uses people's ratings to predict how much the user would like an item. Mui and his colleagues already understood that each person gives different reputation to others and their opinions should have different effects on the predicted rating of the user computed by the collaborative filtering algorithm. Other researchers used profile similarity and rating overlap to improve the quality of recommendations [12] . Since offline recommendations are received mainly from friends and familiar advisors, i.e. people that the user knows and trusts, Bonhard and his colleagues proposed to apply collaborative filtering only on a more personal user-base: people that have the same interests (coming from their profiles) or that rated the same items in the same way.
In the last years, thanks to social networks, more people's information became available on the Internet: friendship and trust relationships. Such information can be used to improve the recommendations generated with collaborative filtering ( [13] , [14] , [15] ). In [13] the authors found that there are two types of relations that, combined together, enhance the quality of recommendations: they called them social friendship and spiritual friendship. Social friendship is the actual friendship relation stated by users, while the spiritual relation is defined by the similarity in behaviour, i.e. two users have a spiritual friendship when they like the same things. The conclusions in [14] are quite similar: when collaborative filtering is applied on a user-base composed of user's friends and neighbours (i.e. people with similar tastes) the resulting recommendations are better than using only one of the groups. Going more deep in the recommendation of events, in [16] the authors clarified the strong relation between events and friends participating to it, building a recommender system for events that give priority to the ones that are going to be attended by user's friends.
But collaborative filtering has two known problems: cold start and sparsity. They can be solved or at least mitigated with a cross-domain approach [17] . Cross-domain collaborative filtering allows recommendation systems to consider the information collected in one domain to improve recommendations for a different domain. This approach has been tested in domains like movies, TV shows and books, where only tastes are concerned. In this paper, we will focus on recommendations for places where people can perform leisure activities, paying attention to the strong social component of this specific context, which is very important as we have seen before.
III. UNDERSTANDING USER INTENTION AND

PREFERENCES
In order to gain a better understanding of the factors shaping user preferences in participating to leisure activities, we run two separate experiments, each looking at different properties of the user and activities.
In the first experiment, we collected ratings for the places that provide one of the most common activities performed in leisure time: restaurants. We focused on the top 75 restaurants in Trento, Italy, and we built a website where citizens could access using their Facebook account and could give a rating to the places they know. Together with the ratings, we collected also the friendship relations between users (i.e. which users are also friends on Facebook), in order to study whether friends' opinions can provide better recommendations than general users and users with similar tastes. The results of this study have been already published in [1] and will be shortly recalled later.
In the second experiment, we extended the first one in three directions: i) we run it in 3 different cities around the world (Trento in Italy, Asunción in Paraguay, and Tomsk in Russia); ii) we considered two different leisure activities in each city, one of which is again restaurants while the other is different for each city; iii) for each place, users were able to specify 4 different ratings according to different goals that can be accomplished with an activity.
In the following, we describe the methodology and report on the results.
A. Formal definitions
Before describing the studies in details, we start by providing some formal definitions.
Let U be the set of all users and P the set of all the places where activities can be performed. Let A be the set of all activities, and G the set of goals that can be accomplished with an activity. Liked represents the relation (u, p, a, g) ∈ U ×P × A × G of places users rated positively for a given activity on a specific goal, and Disliked the relation (u, p, a, g) ∈ U × P × A × G \ Liked of places users rated negatively. As an example, this definition can capture a situation in which a user (u) likes a given restaurant (p) to have dinner (a) with her partner (g).
Given these basic elements we define:
In the studies we considered two particular relations between users: friendship and similarity. FriendOf denotes the relation (u, u) ∈ P 2 and represents the symmetric friendship relation used in Facebook:
and u are Facebook friends
Similarity is defined as a measure of how much users' tastes are similar and is computed counting how many times the two users gave a similar rating to the same places:
On this foundation, we study how different factors influence user preferences by analysing how effective they are in recommending places users would probably like. To this end, we define the recommendation of places p to a user u to perform an activity a with a goal g as:
B. The social context
We started looking at the social context in our preliminary work [1] where we analysed the effect of the social dimension in user preferences. In this study, we collected ratings about restaurants in Trento, Italy (P) that people recommended for eating outside (A) considering a one-dimensional goal (G). We gathered 694 ratings from 90 users, over a total of 75 restaurants, taken from TripAdvisor's top 75 ranked restaurants in Trento. Unlike TripAdvisor, our population was people who was living in Trento and therefore knew the restaurant scenes rather well. We compared the resulting ranking with those of Lonely Planet and TripAdvisor, finding no correlation in the various rankings. These initial results suggested that according to the population and purpose, these rankings could vary significantly.
Based on this, we analysed how the network of people providing the ratings affected the discovery process. Thus, we considered four different types of network and analysed the precision and recall using those networks as source of recommendations:
1) Overall population: Considers all users
2) Friends: Considers only friends
3) Similar users: Considers users with similar taste
4) Similar friends:
Considers friends with similar taste
With this definition of networks, we took 70% of the ratings of each user, and look at how well Rec(u, a, g) performed in recommending, for each network, the remaining 30%.
The results suggested, not surprisingly, that recommendations coming from similar users (Net s ) performs better than overall popularity (Net o ). More interestingly, recommendations coming from friends (Net f ), and specially if reduced to similar friends (Net sf ), outperforms considerably those of other networks in both precision and recall. These results point to the importance of balancing personal tastes (in this case captured by rating behaviour) with the real social context (i.e., friends).
C. Extending the experiment
The study we present in this paper extends the previous one in three directions: i) the geographic area is extended to three different cities around the world; ii) in each city we asked ratings not only for restaurants but also for another activity that is usually done before or after going out for dinner; iii) for each place people were able to specify four different marks according to different goals. The experiment was run in Trento (Italy) with bars for aperitivo as second type of places, Asunción (Paraguay) with pubs, and Tomsk (Russia) with clubs. In all cases, we considered the same four purposes: one mark was dedicated to the price / quality ratio and the other three was related to the different types of companions people can spend their leisure time with, which are tourists, friends and their partner.
A website guided users through the procedure for rating the different places available for their city, requesting to access using their Facebook account (from which friends relationships are collected) and requesting at least five marked places in the first activity in order to access the list prepared for the second one. The website was published the 16 th of November 2012 and collected people's preferences for two months. It was advertised mainly through social networks, but in Trento some posters were also hung up in the university's buildings. For Trento we asked to mark places for aperitivo first, choosing between the 30 provided, and restaurants after, with a list of 67 places. 49 people participate to the study, leaving 2700 marks. For Asunción we started with a list of 254 restaurants, followed by 43 pubs and bars, collecting a total of 6100 marks from 97 people. We started from restaurants for Tomsk too, with a list of 32 places, followed by 12 clubs. We reached 16 people that left 1020 marks. The website was designed in a way that it was very easy to filter all the available places and find the ones that are known.
D. Understanding preferences across activities
In the second study we focused on understanding whether it was possible to extend recommendations across different activities: knowing a user's taste for restaurants, is it possible to recommend her another activity, and a place where to perform it, using only her taste for restaurants?
Going after that question, we collected ratings for two typical activities (a 1 , a 2 ) in our three target locations. Then, for each user (u), we created a dataset without all her ratings for the second activity, leaving Known(u, a 2 ) = ∅. On this dataset, we calculated the recommendations assuming the following definition of network:
which builds a set of users sharing similar tastes in a 1 , since all the user ratings for a 2 were removed. In doing so, we are recommending places for a 2 (e.g., going clubbing) using the network of users with similar taste for a 1 (e.g., going out for dinner). Borrowing the previous definition of similarity, we say that user u is similar to user u if they agree in at least 70% of their ratings (δ >= 0.7).
In order to understand how good these recommendations are, we computed precision for both the top ten places and the full list. Given R(u, p, g, n) as the set of recommendations computed for user u on place p for goal g, where n is the position in the ranking, and M(u, p, g) as the set of marks given by user u on place p for goal g, the precision is defined as
Recommendations were computed for all 4 different purposes, only for the users that had a similar group containing at least 3 users (Net(u) >= 3). The resulting precision for the top 10 recommendations and of all of them, averaged by city, are reported in table I.
As can be seen, the precision of such recommendations is high. For the places that the considered user already rated, the recommendations usually matched the user's rating, with very few errors that appeared mainly for users with a too wide similarity group. The results suggest that similarities in the preferences of people for an activity can be extended to other activities, which points to potential of profiling users based on lifestyle.
E. Effect of goal on user preferences
Given all the collected ratings, we first analysed the differences between the rankings resulting from the marks for different goals. All places, divided by city and by activity, were ordered, for each goal, according to the average mark and the number of marks received, building in this way four rankings for each activity in each city. We considered only the places that received at least 5 marks for each goal, maintaining only the places that collected a minimum amount of the crowd's opinion. The remaining places are 23 restaurants and 30 bars for Trento, 87 restaurants and 26 pubs for Asunción, 21 restaurants and 12 clubs in Tomsk.
Kendall τ distance was used to compute the difference between the four rankings for each activity, counting the number of couples in the rankings that appear in the same order. The returned value is between 1 and -1, with 1 meaning that the two rankings are equal, while -1 means that they are completely the opposite. Naming C the number of concordant couples and D the number of the discordant ones, the metric is defined with the following formula:
Kendall τ distance is reported in tables II, III, IV, V, VI and VII, where the goals are summarised in the following way: T = Bringing tourists, F = Bringing friends, P = bringing the partner and Q = price / quality ratio.
As can be seen, in both Trento's tables II and III the highest similarity is between the rankings for Bringing tourists and Bringing the partner, while they are both different from Bringing friends and in particular from Price / quality ratio, that has almost half of the couples in the wrong order. The distance between Price / quality ratio and Bringing friends is slightly less, giving a hint that going out with friends the quality and price of food and beverages are took in consideration more than when spending time with tourists and the partner.
In Asunción, tables IV and V, there is still a higher similarity between Bringing tourists and Bringing the partner, but their distance to Bringing friends and Price / quality ratio is much less. Moreover, both Bringing friends and Price / quality ratio are almost equally distant from all the other Summarizing all the results, we have seen that people preferences are sensitive to the companion (e.g., partner, friends, tourists) for which they look for different features. In particular, most of the times going out with friends results in different choices than going out with the partner or tourists, and sometimes goes together with higher attention to the price / quality ratio. As we have seen there are some exceptions to this generalization, specially for Asunción's pubs where the price / quality ratio is considered more when choosing places where to bring tourists. These differences depending on the location can be intuitively be related to the cultural and economical aspects.
IV. DISCOVERING AND FINDING EVENTS
Keeping in consideration the lesson learned from our studies, we designed a web interface for making it easy to find and discover events and places where people can perform social and cultural activities in their leisure time.
As can be seen in Fig. 1 , at the top of the page is presented the filtering module, which helps people finding events and places:
• What: filter by type of activity that can be performed in the place, • When: the time range in which the user would like to perform the activity. This filter, in addition, informs the user of other activities in that range to empower her decision.
• Who: allows users to filter events and activities in which friends are participating, participated or recommended. Each of these filters are orthogonal to each other and can be used independently or jointly. The interesting aspect of this design is that results can aggregate the different aspects to rank activities and events. Our current prototype incorporates the recommendation aspects explored in our studies.
The social aspect is deeply integrated into the platform. People can share their intention to attend an event or perform an activity and their friends can see what they plan to do. Knowing that a specific friend will participate to the event not only gives the user a good reason to participate, but it is also an extra hint on the expected quality and type of the entertainment that the specific event provides.
Users can recommend an event to their friends also through ratings, suggesting them to participate to the next occurrence of the event they just attended. Next to the event description, the average of the collected marks is shown to indicate the general "reputation" of the event, but this is not enough since personal tastes can be different from the overall population. For this reason, we decided to show the single ratings given by user's friends. Knowing their tastes and how different they are from hers, the user can better understand how much she could like the event. In this way, the user gets extra information thanks to her social network and have more possibilities to choose an event that she will really enjoy.
V. MOTIVATING USER PARTICIPATION
With a better understanding of the dynamics of users preferences, we moved our focus on how to motivate people to participate to events. This change in the perspective allowed us to understand how event organisers and place owners can attract more people to their events and places. In the following we present a study done with a famous Italian museum and present the resulting design of an application to motivate visitors to attend museum activities.
A. Why do people come to the museum?
Following this question we run a study in collaboration with the MART 11 museum, starting with a short structured inter- view. During the 23 rd and 24 th March 2013, we interviewed 208 people at the end of their visit, which correspond to the 23% of the visitors in that weekend. This first part was focused on the decision to come to the museum: when they decided to come and why. Surprisingly, more than half of the respondents decide to go to the museum the same day or the one before, suggesting contextual factors influencing an immediate decision. The biggest part of the rest of respondents, instead, plan the visit in advance, at least two weeks before. People mainly visit the museum because of their personal interests (e.g., curiosity and for relaxing, for a total of 81%), but still there is a 9% of visitors that come along with their family and friends just to engage in a social activity. This is an evidence of strength of the social component in this particular scenario.
Digging deeply into what specifically triggered their decision to visit this museum, we found out that word of mouth is what motivates people to come the most, closely followed by a contextual decision: being in the city for holidays ( Figure  2 ). Grouping together all the other items that depend on the museum's marketing and image, they cover 41% of the respondents, maintaining their first place in triggering people's interest. What is more significant for us is the low actual impact of social networks on the decision to come at the museum. This indicates that there is space for improvements through this communication channel.
In order to understand better whether and how people recommend to visit the museum, we sent to the interviewed people a follow-up questionnaire by email the next Wednesday and we received 62 answers (the 30% of the sent emails). In the results, most visitors recommended to their family and friends to go to the museum, but only 5% of them did it also through social networks. This suggests that, even though the museum is present on the most used social networks, very few people share their museum experiences through this channel. This result supports our idea that museums are not exploiting the full potential of social networks, and our goal is to increase the rumors about museums by motivating word of mouth through it.
B. ComeAlong for museums
ComeAlong for museums was designed with the goal of attracting more people to museum activities by i) providing a channel for communicating those activities, ii) motivating people to share their intention to participate, and iii) exploiting social ties to bring more people to the museum.
On this premise, the application provides users with a direct channel for the museum communications. Together with the information about museum events and exhibitions, it also provides announcements, keeping users always informed of everything that concerns the museum. It is designed to attract initially people that are already interested in museums, creating a personal and stronger relationship with them.
To increase the intention sharing on social networks, ComeAlong facilitates and encourages sharing by i) integrating the platform with Facebook, requiring only one click to share, and ii) providing incentives (defined by the museum) for people to share their intention to come to the museum, which translates into a native advertisement message 12 published on the users' social network, inviting their friends and contacts to come along.
The benefit offered by the museum can vary from a gadget of the museum, which reminds users of their visits, to a discount on the ticket or also a free entry. The decision of the benefit is important since it has to be interesting enough for motivating people to give up their privacy, but also cheap enough to compensate its costs with the extra people coming at the museum thanks to the word of mouth resulting form the usage of the platform. Balancing this trade-off is an interesting aspect to explore.
ComeAlong for museums will be tested at the MART museum for motivating people to visit its exhibitions and the events related to them. Different benefits will be tested in the events organized throughout the summer, giving us the opportunity to understand people's reaction to them. The application will be used also for advertising the opening of the MuSe 13 , the new museum of sciences of Trento, on the 27 th July 2013.
VI. ARCHITECTURE The ComeAlong platform, as seen in Figure 3 , relies on a service-oriented architecture, with a set of core modules at the bottom exposing a RESTful API to the vertical applications on the top. While the platform is able to manage all kind of events, the vertical application can specialize the interface to the context and the needs of the vertical domains.
The services of the platform are built around four main modules:
• Activity management is the module that manages the creation and retrieval of activities, places, ratings, and all the information that requires starting and running an activity.
• Discovery module provides all services to help people find the interesting events and activities. It contains all the functions for filtering and recommending events.
• Statistics provides useful data on the participation to activities and usage of the application, such as people that share their intention, aggregated feedback on activities, influential users, etc.
• User management manages user authentication and user personal data. The actual intention sharing is left to the vertical application, which can easily publish a message on the user's social network thanks to the provided API. This design decision provides more flexibility to vertical application to control what, how and when things are being shared.
The ComeAlong platforms is very generic and can manage any type of leisure events and activities, but it can be used also to build context-specific web and smartphone applications. These applications can provide specific user interface and services for museums, as we have already seen, but also different contexts such as movie theatres and gyms. We already developed a prototype application for movie theatres, with the specific use case of Cinema Astra in Trento. In this specific case, users are supported in the choice of the movie show to attend, with the possibility to book their ticket in advance, obtaining a discount too. The effects of using the application have not been tested yet, but its implementation is a prove that the general-purpose platform can be used in many different contexts, moving from culture to leisure without any problem. Moreover, we're currently in the process of designing a version of ComeAlong for a totally different context: a gym. Even in this case, the platform, thanks to its generality, is able to provide the needed support for the context-specific UI.
VII. DISCUSSION AND FUTURE WORK
In this paper we have studied various aspects around user preferences that could be used to help users find activities and places they would actually like. On a different perspective, we have also seen how event organisers could attract more people to their events.
Through the studies about recommendations, we found that the knowledge about the users' preferences and neighbours on one specific activity (i.e., restaurants) can be used to recommend another related activity (i.e., a common saturday evening activity) even without any information about a specific user preferences on the second activity, reducing the cold start problem of collaborative filtering. Moreover, thanks to this we can provide better recommendations, extending the knowledge-base to different activities.
In the museum context, we focused on the understanding of the current triggers that motivate people to go to the museum and we found that word of mouth is very important, but it does not propagate through social networks, remaining limited mainly to face-to-face interactions. This is an important finding, showing that there is a possibility to improve word of mouth and make more people aware of the cultural events.
Based on our initial findings we have designed and built prototypes for discovering events and motivating people to participate to events. In the upcoming months we will be testing these prototypes in collaboration with two museums important museums in Italy: MART and MuSe. With these pilots we are planning to study the actual effect of our designs in helping the participation to events.
